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Abstract
Computer-aided breast cancer diagnostic systems’ credibility 
relies profoundly upon the accuracy of the models correlating 
the various enigmatic descriptors to the correct class labels. 
Consequently, breast H&E samples’ classification is one of the 
most crucial problems of computer vision in the medical field. 
As an outcome of the accelerated evolution in computational 
resources, Convolutional neural networks emerged to elicit 
more intricate features. Nonetheless, CNNs are data greedy 
and inclined to overfit in the medical field due to the deficient 
supply of labeled patches. Although Transfer Learning assists 
in reducing the massive training-data requirement of CNNs, it 
fails to separate domain-specific layers from the general ones, 
which often leads to the worst accuracy on unseen samples. The 
shortcoming mentioned earlier is often attributable to the lack of 
interpretability of the features extracted at each layer. Moreover, 
the high number of hyper-parameters associated with ensembles 
of pre-trained models greatly magnifies the search space, which 
substantially increases the training time. To overcome these 
problems, we propose an adaptive particle swarm optimization 
hyper-parameter selection method that focuses on deriving an 
ensemble rule for a fixed length of the best-trained models. We 
first fine-tune a set of pre-trained models on low-resolution images 
and determine the best combination of them based on the variance 
of classification errors amongst them rather than their validation 
loss. Then, we use a PSO whose learning rate is adjusted with a 
Mamdani fuzzy inference system to infer the ensemble policy. 
Finally, we train the ensemble thoroughly as a noisy-student model 
using hyper-parameters obtained from the two search sessions with 
high-resolution and weakly classified images. The outcomes of 
our method were compared to different state-of-the-art techniques 
implemented on the ICIAR 2018 dataset. The proposed approach 
substantially outperformed previously published procedures.
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I. Introduction
The techniques of microscopic classification of H&E specimens of 
breast tissue aim to extract distinctive intensity-based determinants 
that make the cancerous classes more distinguishable [1]. The 
abnormality detection task is driven by the spatial and spectral 
information content of the images. As a consequence of the 
intricate landscape of this problem and its clinical significance, 
carcinomic stage identification is vital to the medical image 
processing area [2-6]. The hand-operated examination of the 
histopathology images demands an immense volume of labor 
and time of highly educated specialists who are limited and costly 
[3-5]. Moreover, professionals often find the analysis of histology 
images challenging and may disagree on the cancerous level of a 
slide due to individual biases [4, 7] The medical treatment and the 
future forecast of the malignancy behavior is reliant upon early 

diagnosis [4, 7, 8-9]. The reasons above motivated researchers 
to exploit to a subset of Artificial Intelligent designs named 
computer-aided diagnostic systems (CAD) [8].

Various studies verified that Deep Learning (DL) in histopathology 
had a competing performance to the domain experts [10-11]. The 
success of DL is credited to its supremacy in deriving features 
that are deeply embedded into the image, which significantly 
grows the malignancy types boundary. Besides, the extensive 
growth in Deep Learning and computational resources, such as 
GPUs, allowed researchers to devise profoundly sound predictive 
models for histopathology patches [12, 10]. Several DL schemes 
were adopted toward medical image classification. One of the 
leading DL frameworks is the end-to-end training of Convolutional 
Neural Networks (CNNs) [13-14]. End-to-end training of CNNs 
performed exceptionally well on benchmark image datasets such 
as MNIST and CIFAR, which combine millions of annotated 
images. Even though training models end-to-end was remarkably 
beneficial and more precise in image classification, it is a data-
greedy process that demands a massive dataset. The insufficient 
quantity of marked samples will prompt the model to learn noise as 
the number of epochs increases. Multiple studies in the histological 
images classification revealed that training a DL model using an 
insufficient number of classified examples is prone to overfitting 
regardless of how the weights were initialized. The earlier asserted 
point is the central hindrance of the state-of-art end-to-end 
procedures, which negatively impairs its performance [5].

To overcome the deficiencies of the end-to-end CNNs training, 
Transfer Learning arose as a more hybrid alternative. Transfer 
learning is the reusing of a model trained on a large dataset 
for a different task [15-16]. Several studies revealed a high 
correspondence between the accuracy of models trained on 
benchmark datasets and their performance on other domains [17]. 
As an example, models that scored well on CIFAR will function 
well on medical datasets. This high correlation permits industries 
to incorporate the models that they previously trained into their 
pipelines for additional predictive tasks. The leading cause of 
this high correlation is the fact that most of the initial layers of 
the CNNs learn similar fundamental features that are universal 
to all images, such as edges and basic shapes. As a consequence, 
researchers adopted these pre-trained models as feature extractors 
that were utilized for training less intricate models such as Support 
Vector Machines (SVMs) [17]. Despite its early success, feature 
engineering is very reliant on the knowledge of the data scientist 
and needs a substantial manual tuning of parameters based entirely 
on intuition [18-19].

A Different approach to transfer learning is fine-tuning. Fine 
tuning a pre-trained model with the right parameters is a very 
time-efficient and had better performance than feature engineering 
[20-21]. However, it is not efficient in terms of the number of 
parameters [20]. The fact, as mentioned earlier, could result in 
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overfitting, mainly when training the general layers [1].

Multiple methods consolidated preprocessing techniques such as 
thresholding, entropy maximization, fuzzy entropy, and sharpening 
to enhance the quality of segmentation and classification [8, 22-
23]. Even though the methods stated earlier, marginally raised 
the labeling accuracy, they hold fewer peculiarities than what 
the classification task demands, which oversimplifies the feature 
space. Considering the fewer parameters, they furthermore tend 
to underfit significantly with small datasets. However, these 
methods are usually incorporated as a preprocessing step for a 
more complicated algorithm.

Analyzing the last layers of the pre-trained models is inefficient 
in terms of time since the number of trainable parameters change 
when fine-tuning. Therefore, ensembling a number of models 
proved to be very effective and more robust alternative [24-27]. 
Ensembles are a vertical or cascaded combination of the features or 
the predictions of accurate models to produce a better performing 
model [1, 24, 26, 28]. For ensembles to perform better than its 
individual model, the models have to be precise and heterogeneous 
[1, 24]. The heterogeneity condition ensures that the fused models 
don’t make the same misclassifications, which implies that they 
learned different features [5].

An active research field in Deep Learning has been dedicated 
to study the diversification of ensembles by using advanced 
optimization techniques such as Genetic Algorithm [1]. Due to the 
time-consuming and the high computational power of ensemble 
methods, they are only viable for applications similar to medical 
image classification were time is not a major issue [27, 29-32].

The volume of the different possible configurations of a particular 
ensemble model is massive which greatly complexifies the search 
of optimal settings [27, 32]. Due to the impracticality of evaluating 
every possible ensemble configuration, multiple optimization 
methods were proposed. Early methods for ensemble optimization 
were reliant on randomly evaluating a different set of configurations. 
The random search and the grid search algorithms were common 
examples of theses approaches [29-30]. Other methods relied on 
the expert knowledge to manually select the hyper-parameters of 
the system [30, 33]. These methods require extensive training and 
are not guaranteed to converge [30]. Furthermore, they lack the 
ability to intelligently evolve based on past trials.

Bio-inspired Computational algorithms proved to be very 
efficient in solving optimization problems [34]. Particle Swarm 
Optimization (PSO) is one of the most popular techniques used 
in NP hard problems and optimization methods for non-convex 
search-space [35, 36]. The simplicity and ease of implementation 
of PSO promoted its use across various domains [35, 37-38]. 
However, the performance of PSO is heavily dependant on the 
balance between exploration and exploitation by properly setting 
the right parameters [39]. 

In this paper we propose a generic method to incorporate the Particle 
Swarm Optimization to speed up the hyper-parameter selection 
process of the optimum ensemble of the best pre-trained CNN 
models. The proposed methodology enable us to have more control 
over the training process and minimize errors especially between 
classes that are less distinguishable. Our method selects models 
based on features that are more sophisticated than the validation 

loss of individual models. The proposed method automate the 
dynamic adjustment of the PSO learning rate by implementing a 
Mamdani Fuzzy Inference System (FIS). Furthermore, our method 
address the limitation of labeled images and utilizes the noisy 
student model approach on the weakly labeled data. Even though 
this method outperformed many of the state-of-the-art techniques, 
it is very time-consuming. To the best of our knowledge, this 
study is one of the first implementations of PSO to learn ensemble 
hyper-parameters for small histological images dataset.

The remaining parts of this paper are formed in the following order. 
Section II describes the proposed method in detail. A thorough 
overview of the methodology is presented
in subsection A. The subsections B and C exhibit the preliminaries 
of PSO and the Mamdani FIS, respectively. Subsection D explains 
the adaptive PSO using the Mamdani FIS. Section III illustrates the 
experimental setup, dataset, and implementation details. Section 
IV offers an elaborate discussion of the experimental results. The 
conclusion and future research recommendations are offered in 
Section V.

II. Proposed Method

A. Overview
This section illustrates ensemble optimization, the overall 
protocol of the proposed method, PSO theory, the Mamdani 
Fuzzy Inference System (FIS) and the adaptive PSO. The main 
objective of Ensemble optimization is finding a robust composite 
of several classifiers in order to cultivate a single larger and more 
accurate model [1, 26, 36, 40]. Classical ensembling methods 
such as majority voting lack assumes the optimum weights of 
the classifiers to be uniform. This assumption undermines the 
complexity of medical applications. en cancer detection problems, 
the tissues are expected to be normal unless there is a region 
that could be classified otherwise. This observation lead to the 
conclusion that, even weighting of classifiers could results in 
producing an ensemble with skewed classification towards 
abnormal labels.

Our proposed method is composed of two main phases. The first 
phase is centered around training individual models using an 
adaptive learning rate scheduler to fine-tune  networks pre-trained 
on ImageNet. The second phase is training a linear combination 
function that combines the output of a fixed number of the best 
performing networks.

The preprocessing of images is an extremely crucial part of the 
training process [19, 41-43]. Image augmentation is especially 
essential to increase the size of the datasets and consequently to 
increase the generalization of the model [44]. One of the most 
widely used techniques to enlarge small datasets and increase 
the robustness of the Artificial Intelligent systems is to generate 
more data through data augmentation [14, 42, 44-49]. Many data 
augmentation techniques were proposed , however; different data 
augmentation strategies with different parameters is known to 
give varying performance on different domains. Therefore; it is 
important to search for the augmentation strategy that would yield 
the optimum performance. However; searching for the parameters 
that give the optimum performance can add more complexity to the 
problem. Therefore, we decided to use the Rand-Augment method 
which eliminate the need to search for optimum parameters for the 
data augmentation strategy as explained in Sec III (B) [44].
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Another important aspect of the training is the proper choice of 
the optimizer. AdaMax is a stochastic gradient decent algorithm 
that is used to optimize the categorical ross-entropy loss function. 
The categorical cross-entropy is defined as follows [12, 50].

	 (1)

Where set is the set of all training dataset images and i refers to the 
class index whose maximum value is four classes in this problem, 

 is the model prediction of image x belonging to class i, and x,i 
equals 1 when image x belong to class i and zero otherwise.

The performance of AdaMax was compared on the inception 
model with and without an adaptive learning rate scheduler [51]. 
Figure 1 shows the training of InceptionV3 model without adaptive 
learning rate scheduler, while figure 2 shows the training history 
of the same network and optimizer with an adaptive learning rate 
scheduler. As the figure 1 and 2 show, the AdaMax proved to be 
more robust and with a steadily decreasing validation loss curve 
when the learning rate gets adjusted with accordance to how well 
it performed in previous epochs. The AdaMax relies on initializing 
the bias correction based on the moving average [50].

CNNs have a massive search space of hyper-parameters that 
need to be tuned. The search of the most optimum set of hyper-
parameters is often time-consuming [32]. Another problem is 
that using high resolution images during training will reduce the 
maximum batchsize allowed due to the limited memory available 
which reduces the generalization. In order to solve these problems, 
we used a lower-dimensional representation of the datasets during 
the first phase of the training in order to identify the most auspicious 
hyper-parameters.

Furthermore; using a lower data representation during training than 
doesn’t only reduce the search space complexity, but is also known 
to reduce the disparateness of the dimensions of distinct image 
components between training and testing [48, 52]. The details 
of the used resolutions are presented in 3.2. Besides, previous 
research was conducted to find the optimum freeze-layer. We found 
that the domain-specific layers typically include the last two fifths 
of the total number of the trainable parameters [1]. Consequently, 
we fixed the freeze-layer as well as the length of the ensemble in 
this work  due to time cost of their optimization.

Fig. 1: The training history of the Pretrained InceptionV3 with 
ADAMAX and without learning rate adaptation.

Fig. 2: The training history of the Pretrained InceptionV3 with 
learning rate adaptation.

B. Particle Swarm Optimization
Extensive research was conducted to study the animals swarm 
societal behavior [28, 53, 54, 36, 22]. Swarm-based optimization 
techniques were developed to mimic the social behaviour of 
groups of animals that are navigating their way cooperatively to 
find food resources for the sake of evolving optimum solution 
for NP-hard problems [39, 55, 28]. PSO is a biologically inspired 
heuristic stochastic optimization algorithm that aims at finding 
the global minimum of objective functions with complex search 
space [38, 53, 54, 28, 3, 56, 57], It was first proposed by Eberhart 
and Kennedy in 1995 as a paradigm for Neural Networks weights 
optimization [58]. Contrary to prior population-based approaches, 
PSO was motivated by the apprehension that the interaction of 
birds ameliorate their hunt for resources [58] .

Evolutionary computational algorithms showed superior 
performance in optimization problems both in terms of time-
efficiency and loss minimization [58]. PSO in particular is one 
of the most effective of these methods [58, 53, 39, 56]. For the 
those reasons, PSO has been successfully applied in numerous 
domains.

Analogous to other evolutionary-based algorithms, PSO starts 
with initialization of a generation that has a specified number 
of candidate solutions called particles. The evolution of each 
generation of particles represent the pursuit of survival by a flock 
of birds. Every particle is a vector that depicts a likely solution. 
In each epoch, particles move in the defined finite search space 
of the problem based on how well the whole swarm of birds is 
performing. The swarm share the best position achieved by the 
whole swarm, which is the global best position and fitness. The 
velocity and the position of the particle are each updated based 
on the equation 2 and 3.

 (2)

 				              (3)

where  is the updated velocity, V t is the current velocity, w is 
the inertia weight, c1 and c2 are acceleration constants referred to 
as the cognitive learning rate, gbest and pbest are the global and 
the population best positions respectively, and r1, r2 are random 
numbers evenly distributed between [0,1) [3].
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PSO has many advantages compared to other optimization 
methods. Some of these advantages of PSO are its robustness, 
ease of implementation and remarkable efficiency in reaching 
accurate approximations [28]. PSO was used to find the best 
linear combination weights of the horizontally stacked fine-tuned 
models. 

The convergence of PSO is highly reliant on the proper tuning of 
its learning hyperparameters. In particular, PSO is highly sensitive 
to the Inertia Weight w, the accelerate constants c1 and c2, the 
number of particles, the number of generations and the maximum 
velocity [3, 39]. These parameters have to be chosen delicately in 
order to avoid divergence or premature convergence. The inertia 
weight variable w is the most important parameter to tune in order 
to avoid getting trapped in a local minima. It regulates degree of 
the influence that the earlier velocity has on the updated velocity 
[39]. Therefore, it controls the speed at which a particle moves 
in the search space. The larger the inertia weight is, the faster the 
particle moves and the less likely it will be to get trapped on a 
local minimum. However, this could also means that the PSO can’t 
find the global minimum if the w is too large. In contrast, if w is 
too small, it is very likely for the PSO to converge prematurely. 
This phenomenon is recognized in the literature as the exploitation 
and the exploration trade-off [39]. The ability of the particles to 
ameliorate the local solution is referred to as exploitation while 
exploration refers to their ability to escape local minima [39].

The Inertia weight is not the only parameter that is accountable 
for governing the exploration during the PSO evolution. The 
accelerate parameters c1 and c2 also play a major role on managing 
the swiftness of the particles in the search space. The c1, and the 
c2 are often referred to as the cognitive and the social constants 
in the PSO literature [59, 58]. The cognitive constant c1 controls 
the quantum of acceleration upon which the particle’s velocity 
updated towards its personal best value. When c1 = 0, the particle’s 
is not aware of its personal best as can be seen in equation 2. It is 
evident that when both of the constants c1,c2 are set to zero, the 
particles has no knowledge of either the pbest and the gbest which 
decrease the likelihood to find the global minimum. Similarly, c2 is 
named the social constant because it regulates the acceleration of 
the particle towards the global best [3]. The accelerate parameters 
were considerably researched in order to find a comprehensive
balance between them. However, different applications yielded 
different results. In general it was proven in previous studies that 
the variation of the accelerate constants did not show improvements 
to the performance of the PSO [3].

The number of swarms particles was not adapted with the FIS 
since it does not have a significant impact on the performance of 
the PSO when the size of population is above 50 [60, 3].

The tuning of Vmax is another problem that deals with the exploration 
vs exploitation trade-off. As an illustration, when the vmax is too 
large the exploration capability is high and the particles might 
move away from the optimum region and vice versa. Section II 
(C) explains PSO parameters adaptation with more emphasis on 
the impact of the variation of the inertia weight on the momentum 
of the training.

PSO has many advantages compared to other optimization 
methods. Some of these advantages of PSO are its robustness, 
ease of implementation and remarkable efficiency in reaching 

accurate approximations [28]. PSO was used to find the best 
linear combination weights of the horizontally stacked fine-tuned 
models.

C. Mamdani FIS
Tuning the learning parameters has been a critical issue for the 
performance of PSO. Several methods were proposed to adaptivly 
control specific parameters optimization algorithms based on 
some inputs. One of the most important methods to control the 
performance of evolutionary-based algorithms during the training 
process is the knowledge-based Fuzzy Inference System [55].

Unlike binary logic that assumes that a particular object either 
belongs or does not belong to a specific class, the fuzzy sets 
theory was introduced by Lotfi Zadah in the 1960s to describe 
things that belong to a multiple fuzzy sets with a varying degree 
of belongingness [61, 34, 55, 62, 63, 64]. While probabilistic 
inference methods dealt with the randomness aspect of a particular 
system, Fuzzy Inference Systems (FIS) were designed to map 
fuzzy inputs that belong to fuzzy sets with varying degrees to 
fuzzy outputs. Fuzzy inference deals with parameters that belong 
to classes that are not clearly defined, while probability deals with 
the uncertainty of association. FIS has been extensively applied 
to the adaptation of parameters for numerous algorithms and 
has succeeded in incorporating the expert knowledge into the 
optimization process for applications where the rules are vague 
or hard to express mathematically.

A fuzzy set is a set whose elements have a degree of association 
to one or more fuzzy classes [65, 66, 62].

Hence, fuzzy inference refers to the steps of the procedure required 
to associate elements of fuzzy inputs to one or more fuzzy outputs 
[62].

The first step for the Mamdani FIS is the fuzzification of the inputs 
and the outputs. Fuzzification is the process of converting the 
deterministic inputs into fuzzy elements [62]. The fuzzification 
is achieved by defining a membership function that draw soft 
boundaries between fuzzy classes.

There are different types of membership functions that are used 
to model the sliding degree of membership of crisp input to all 
possible fuzzy sets. Some of these membership functions include 
the triangular, trapezoidal and Gaussian functions [67]. Even though 
the Gaussian functions function is more accurate in describing the 
fuzziness of the inputs than triangular and trapezoidal, it is less 
time-efficient [67]. Equation 4 represent the membership used to 
fuzzify the inputs.

 (4)

where a and b are the boundaries of the fuzzy set, c is its center 
and a  [67].
The fuzzy rules are formed in an IF-THEN linguistic format based 
on the experience. The fuzzified inputs are evaluated against a set 
of antecedent rules. The fuzzy rules are either an intersection or 
a union of antecedents based on the correlation minimum or the 
correlation product to calculate the consequents [62]. The resultant 
consequents are cropped forms of the antecedents.
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These consequents are then combined to form a unified 
aggregate fuzzy output. The last step of the Mamdani FIS is to 
defuzzification of the aggregate fuzzy set. One of the most methods 
of defuzzification is to calculate the center of gravity shown at 
equation 5 [62].

 	       (5)

The details of the implementation of the Mamdani FIS for the 
inertia weight adaptation based on the PSO performance is 
thoroughly explained in Section D.

As explained on section B, the inertia weight w is the most pivotal 
parameter to tune in order for the PSO to converge smoothly. 
Therefore, our approach will emphasize on creating fuzzy rules 
based on the previous finesses values to guide the adaptation of 
w.

D. Adaptive Particle Swarm Optimization
For practical considerations, the user usually chooses the hyper-
parameters of the PSO prior to training. However, setting up the 
learning rates as constants might not lead to the best performance. 
Many methods were proposed to control and adapt the hyper-
parameters during the evolution of PSO in order to increase 
efficiency and accuracy without having to repeat the process 
multiple times. As explained previously, the inertia weight has the 
most impact on the smoothness of PSO convergence. Our proposed 
method focuses on adapting the inertia weight by monitoring the 
previous fitness of the PSO as well as the normalized distances 
between the current particle and its personal and global best 
positions. Our method was inspired by Zamli’s method to control 
the velocity by monitoring the PSO parameters [39]. The Mamdani 
FIS has shown a great success in previous studies in controlling 
the PSO parameters, thus it is wise to think it will work in this 
problem as well. This paper demonstrate the effectiveness of the 
Mamdani FIS in controlling the PSO for finding the most optimum 
ensemble rule for histopathology image classification. 

The Mamdani FIS is one of the most effective in detecting the 
region that contains the optimum solutions. Ideally, the inertia 
weight w should be set to its highest value to increase the PSO 
exploration capacity. Once the region of interest in the search space 
is reached, the inertia weight should be set to a low value in order 
to refine the local solution and increase the PSO’s exploitation 
capacity. If the Mamdani FIS detects the region of the optimum
solution, the inertia weight get adapted with accordance to the 
evaluation metrics defined in equations 7, 8 and 6.

The first metric based on which the performance of PSO is 
monitored is the Zamli Normalized Current Fitness (NCF) 
which computes the current fitness of the particle relative to the 
maximum and the minimum finesses as shown in equation 6 [39]. 
The other two monitoring metrics are the Minkowaski distances 
of the particle’s current position and the personal best position 
and the global best position as shown in equation 7 and equation 
8 respectively.

	 (6)

where CF is the current fitness, MinF is the minimum fitness 
and maxF is the maximum fitness. The distance metrics were 
chosen to be the Minkowaski distance since it was proven to be 
the most accurate distance metric compared to the Manhattan and 
the Euclidean distances [68]. The Manhattan distance gives more 
approximate value than the real value while the Euclidean usually 
gives less value. Several studies were conducted to investigate the 
optimal values of the where pbest is the personal best position, 
gbest is the global best position and p is the parameter that specifies 
the type of the used distance.

 			   (7)

 			   (8)

For the Euclidean distance, p = 2 while it is unity for the Manhattan 
distance. The Minkowski distance uses any value between 1 and 
2 for p. The comparison of distance metrics studies recommended 
p = 1.54, however we set p = 1.5 which is the middle value 
between the Manhattan and Euclidean distances for the sake of 
simplicity [68].

For the optimum region detection, the following Mamdani fuzzy 
rules were defined as shown in Table 1.

Table 1: The Mamdani Fuzzy Rules

When all the metrics are low, the optimal solution is close. 
Therefore, the value of w is set to low in order to increase the 
exploitation to refine the local search. Otherwise, the region of 
interest is not near yet. As a result, the exploration is increased by 
giving a high value for w. Figure 3 shows the fuzzy membership 
functions of the antecedents and the consequents anf the FIS.

Fig. 3: The Mamdani FIS membership functions for the fuzzification 
of the PSO Inertia Weight
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III. Experimental Setup

A. Datasets
We conducted our experiments using the PyTorch library; which 
is available on the public domain with NVIDIA Geo-Force RTX 
2080 GPU that is connected to an AMD Ryzen Threadripper 
1950X 16-Core processor operated with Linux OS. The validation 
of our technique was performed on a publicly available benchmark 
dataset as detailed in A.

To empirically assess the performance of our proposed method, 
we used the ICIAR 2018 dataset. There are various histology 
images datasets available for the public domain. Nevertheless; the 
ICIAR is the most realistic datasets due to the fact that it contains 
a very small number of labeled data which resembles the practical 
problem encountered in this field.

The ICIAR 2018 datasets contain 400 patches that are labeled 
into four classes as shown in figure 4. The test data contain 100 
unclassified patches that are used by the competition for algorithms 
evaluation [46].

The objective of the dataset is to motivate research for the breast 
cancer detection problem which is one of the leading causes of 
death amongst women worldwide [46]. ICIAR 2018 also aims at 
the overcoming the manual analysis of images which requires very 
specialized knowledge and often lead to non-consensual diagnoses 
[69]. Examples of the labeled patches are shown in figure 4.

B. Implementation Details
This section exhibits the implementation details and considerations 
that were not covered on Section II. One of the implemented 
techniques that proved to increase the generalization in immense 
CNNs is the early stopping of training [70]. Furthermore; increasing 
the momentum to 90% of the batch normalization layers while 
freezing the general layers improved the speed of convergence 
of fine-tuning of the individual models [71-72]. 

For cross-validation the dataset was initially divided into training, 
validation and testing datasets with 90%, 5% and 5% of the labeled 
data respectively [73]. Cross-validation was used for training the 
individual models in the first phase. For the ensemble training 
with the adaptive PSO, the noisy student self-training method 
was used [25]. The noisy student semi-supervised method aims 
at increasing the accuracy of the training by increasing the size 
of the labeled data by weakly labeling a portion of the actual test 

data. The student model; which is the PSO ensemble; is then 
trained on the whole training data as well as the new weakly noisy 
labeled data. Adding noise to the labels acquired by the semi-
supervised method proved to increase the overall robustness of 
the model [25]. Affine transformation, rand-Augment and other 
known augmentation method were implemented to increase the 
dataset after normalization [44, 45, 74].

The size of the patches is key to the accuracy and the robustness 
of the CNN models.

Fig. 4: Benign, InSitu, Invasive and Normal H&E stained breast 
samples (from top left to bottom right)

However; training the images using a lower dimensional 
representation than that of the test data proved to increase the 
robustness of the models [52, 48]. The images size during the 
training and testing was 600×600 and 800×800 respectively.

IV. Results and Discussion
To empirically assess the performance proposed method, we used 
various evaluation metrics to compare our approach to other state-
of-the-art methods. F1-score, precision, recall, AUC and other 
widely known measures in the DL field [75, 15]. The results 
attained by our method are shown in table 2, 3 and 4. The baseline 
model to which we compare our results was an ensemble with 
the same fine-tuned models. The results show that optimizing the 
ensemble with the adaptive PSO improved results significantly 
compared to the baseline model. The precision, recall and F1-score 
improved were specifically enhanced in the normal patches. It is 
evident that the skewed classification due to the high rate of false 
positives was an obstacle faced by most classifiers. Table 4 show 
that our approach outperformed the weighted average method 
by 2% accuracy.

Table 2: Majority Voting Classification Report
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Table 3: Proposed Voting Classification Report

Table 4: Evaluation of the Proposed Method Compared to Average 
voting

V.  Conclusion
In this paper, we developed a knowledge-based evolutionary 
optimization framework for learning the ensemble rule. Our 
approach aimed at decreasing the number of trials of ensemble 
optimization with different hyper-parameters by leveraging the 
fuzzy sets theory. The performance analysis of our approach 
demonstrated that ensemble optimization of properly fine-tuned 
models has potentially increased the accuracy of the networks. 
Even though leveraging the predictions of fine-tuned networks 
is important to the overall accuracy of the ensemble, it is limited 
to the degree of error variance amongst the chosen models. 
Furthermore, the ensemble optimization and the proper choice 
of the freeze-layer are considered separately which increases the 
training time significantly. The adaptive variation of the learning 
rate and the freeze-layer of the networks during fine-tuning could 
significantly reduce the training time. Our future research will 
focus on incorporating the knowledge-base Fuzzy Inference 
Systems into the tuning of the learning rate and the number of 
trainable weights concurrently.
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